This paper aims to understand household's latent behaviour decision making in accessing financial services. In this analysis we look at the determinants of the choice of the pre-entry Mzansi account by consumers in South Africa.
Introduction
There is a large body of substantial theoretical and empirical literature discussing and measuring the importance of efficient financial systems for long-term economic development (see Levine 2005 for a survey). Furthermore financial development is generally accepted to exert beneficial effects on both growth and poverty alleviation (see e.g. Beck et al., 2007) . While traditionally empirical studies (generally in cross-country setting) have focused on financial depth, recently analytical attention have turned towards the issues of financial outreach and inclusion, something often referred to as access to finance. Recently The World Bank Economic Review published a special issue dedicated to this topic (WBER, 2008, vol. 22, no. 3) . The issue of barriers to financial services has become an emerging topic in the development literature, both from a macro-economic perspective and from the general micro-finance literature. The implicit assumption of this argument is that the supply side constraint is the interesting subject of analytical attention. This is either because one may not be able to directly observe the latent demand for financial products whenever the supply constraints are in place or because "those who have access but choose not to use services pose less of a problem for policymakers" (Beck and Demirguc-Kunt, 2008) . Relaxing the supply-side barriers would however bring the potential lack of demand for financial services to the forefront with important policy implications.
After all coordinated policy intervention designed to expand access to finance is costly and such costs will need to be compared to the potential benefits and voluntary nonparticipation, when the barriers to access are removed, reduces these benefits. Hence studying the determinants of demand for financial services becomes an important research question. In this type of analysis the important question becomes whether exclusion from financial services is voluntary or involuntary. It is clearly infeasible to try to carry out reliable distinction between these two forms of exclusion in the presence of binding barriers established at the supply side. There are however two cases where such investigations could be conducted. One is when individuals are transferred into a different environment where such barriers are not implemented. For example Osili and Paulson (2008) examined the determinants of financial market participation among immigrants in the USA and found that institutional factors have profound effects. They hypothesised that the main channel through which these institutional factors affect market participation are beliefs. Beliefs however are difficult to measure and in a more general framework can be represented by alternative indicators such as values, attitudes, perceptions and levels of financial literacy. We argue that these have to be considered when evaluating the potential effect of expanding access to finance. The uptake of new financial services bridging over existing barriers will define who will benefit the expanded access to finance.
Investigations such as this of Osili and Paulson (2008) are important in that they open a totally new research agenda and allow characterisation of voluntary participation in accessing financial services. Note however that although such studies are highly informative in guiding possible policy interventions and outlining the boundaries of future research into these issues, they nevertheless suffer from an important drawback. Transplanting individuals from one environment to a totally different one may tell us a lot about attitudes and culture, but it does not sufficiently well capture the institutional framework established in their home country. It would be much more useful if the decision to avail to different forms of financial services could be investigated in a more natural environment, i.e. in a developing country context. This is where the second case in which such investigation could be conducted arises. It is when barriers to financial access are lowered or removed in a concert ed policy intervention in a developing country. Studying such financial choices in the latter case could be very useful in better characterising what defines financial behaviour and due to the natural setting of such a study it can provide even more useful guides for future policy interventions.
This paper takes a preliminary step in this research quest considering the case of the Mzansi intervention in South Africa. The Mzansi intervention represents a coordinated roll-out of financial services in targeting the poor and vulnerable. Classical cases of such increased access to finance are interventions from microfinance institutions and private commercial banks on one hand or through legislation and state owned banks pioneering expansion in access to financial services. Rarely, is the experience of an intervention that draws on a linkage between private commercial banks and either state-owned banks or an act of legislation to expand financial access. Furthermore the co-ordinated and wide-ranging scope of the Mzansi intervention provides an opportunity to study the individual financial choice in a developing context without the presence of binding supply side restrictions.
Background
Until the end of the apartheid era in 1994, financial services in South Africa were predominantly accessible to the non-black community and therefore by default excluded the economically weaker households (Meagher and Wilkinson 2006) . In South Africa, the 'Mzansi' account intervention offers a peculiar case in which commercial banks and a state owned financial institution takes a lead role to expand access to financial services. Finmark Trust (2009) Products offered by each of the issuing banks were standardized and dispensed at a relatively lower cost. The common minimum products offered included; issuance of debit card; absence of monthly administration fee; ceilings on balances; KYC-driven (Know Your Customer) ceilings on transaction value; restrictions on certain electronic payments services;
and no difference between withdrawals on a bank's own ATM ('on us') and withdrawals using another bank's ATM ('not-on-us') (Finmark Trust, 2009 ).
Monitoring the experience of Mzansi account initiative after the fourth year of its inception, Also from the perspective breadth of outreach, for instance rural-urban location, more than half of the Mzansi active account holders were located in rural areas. Beyond the outreach dimensions of access to financial services, the Mzansi account initiative has received popular reception among all stakeholders especially the political ones.
In spite of the achievements, threats by some of the issuing institutions to drop out of the collaborative initiative (supply) and the significant number (42 per cent) of inactive accounts (demand) require attention. In this paper, we concentrate on the demand side issues. We investigate household inherent motivation in choosing a financial service. In 
Mzansi's Role in Access to Finance
Classens (2006) identifies four pre-requisites for improved access to financial services, namely; availability, reliability, flexibility and continuity of access to financial services.
Two of the four requirements that are availability and reliability can be identified with the 'Mzansi' account initiative. Firstly, the worth and reputation of the four commercial banks coupled with the credibility of the state bank naturally invokes confidence of sustainability and non-exploitation in potential clients. Secondly the widespread coverage of all the issuing institutions especially Postbank, presents potential clients with proximity of a financial service point of transaction either physically or electronically.
Broadly speaking the overall aims of the Mzansi intervention seem to have been reached, although the financial sustainability of the scheme and therefore its attractiveness to banks could be questioned (Finmark Trust, 2009 In this paper we conceptualise the choice of financial services in terms of perceptions, attitudes and beliefs. Note that all the above are essentially behavioural determinants.
Therefore we take a broader institutional view of the analytical issue. Since institutions are basically behavioural routines, institutional factors can also be subsumed in this analytical framework. Note however that we explicitly exclude from consideration, such 'natural' potential determinants of the access to finance such as e.g. age, income, work status, location etc. Such an omission could look like a clear misspecification to an average applied economist. Note however that in our broad conceptual framework, such characteristics will define the perceptions, attitudes and beliefs. An individual acts to access a certain financial product, not because he/she is of a certain age, but because this individual holds some values (beliefs, attitudes, perceptions) that lead him/her to chose or reject this particular product. It could be expected that because of the relationship between such background variable and the behavioural determinants used in this study, the former will impact on the This is a preprint to paper in Indian Growth and Development Review, 7(2), http://dx.doi.org/10.1108/IGDR-11-2012-0046 9 latter and hence would be correlated with the choice. Such a relationship is however indirect and therefore could lead to misleading conclusions. If we were using a wish-list approach, then we could have included such variables in a structured hierarchical type of model where both direct and indirect impacts would be specified. Note however that this would greatly increase the complexity of our task. When there is no compelling theoretical background or readily available empirical results of how the choice of financial services is carried out, we need a preliminary analysis. In undertaking such a preliminary study under conditions of large uncertainty about the possible determinants, it is sufficient to map only the relevant behavioural determinants. When this is done, one may easily complement the model by adding the discussed background variable explaining the selected reduced set of behavioural variables, if one wishes to do so.
Data
The empirical In this analysis we use 102 variables, grouped in the following categories: basic literacy, understanding financial terms, targets for financial advice, financial education desired and financial perception. Table 1 provides an overview of these categories, while appendix one includes a full listing of the variables within each category.
Insert Table 1
It is a common practice in empirical studies to consider choices conditional on different 
Methodology
In the particular problem we are facing here, our dataset consist entirely of factor variables.
Therefore a binary dependent variable type of model is a natural choice for the modelling framework. In particular the logistic regression is a common choice for modelling in such situations. Here we will implement a logistic regression explaining the choices (from an individual point of view) of the Mzansi intervention. Logistic regression belongs to the class of generalised linear models (McCullagh & Nelder, 1989) . In this particular instance however there is high degree of uncertainty about which variables belong to the model. Our general conceptual framework provides us with a large number of potential explanatory variables (102 in this case). It would however be impractical to run a regression of the whole set of potential explanatory variables.
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It is not uncommon in applied economics one to either run multiple regressions and discuss which of these is more appropriate or to present a single regression model with large number of variables, and discuss which are statistically significant, and which are not. This practice has two major drawbacks. Everyone who has run regressions with large number of variables knows well that dropping insignificant variables could change coefficient estimates, significance or even signs for the remaining variables. Hence when variables that do not belong to the model are included one is estimating the wrong model and therefore the subsequent inference would be biased and unreliable. Therefore it is important that the proper statistical model is used for inference. There are cases when underlying theoretical models can provide guidance on which variables need to be included in such models. The problem with empirical work is that even when an underlying model is available, the datasets may exclude some of the required variable or alternatively provide different proxies for unobservable or difficult to measure variables. Consequently often a researcher has to face the issue of having a potentially large number of explanatory variables to be included in a model. Then the questions of primary interests are which variables are to be included in the model (variable selection, model selection) and what are the parameters pertaining to the variables that belong to the model (model estimation). As discussed above these two questions are interrelated.
The issue we are facing here requires determination of the relevant variables and estimation of their effects. Tibshirani (1996) introduced the Least Absolute Shrinkage and Selection Operator (LASSO) designed for simultaneous shrinkage and variable selection in linear models. In simple terms LASSO uses the L1 (sum of absolute deviations) constraint in the regularization step. That is, the estimator is calculated by minimizing the relevant empirical risk function subject to the constraint that the L1 norm of the regression coefficients is bounded (by a given positive number). An equivalent and much more popular way to define the LASSO estimator is as penalised estimator, in which the relevant empirical risk function is augmented by a penalty term proportional to the L1 norm of the regression coefficients.
Formally the LASSO can be expressed as: The latter LASSO approach have been subsequently extended to a wide range of models such as e.g. wavelets (Chen et al., 1999) , kernel machines (Gunn and Kandola, 2002; Roth, 2004) , smoothing splines (Zhang et al., 2003) , multiclass logistic regressions (Krishnapuram et al., 2004) etc. These models extend the standard LASSO in two important directions namely by introducing new loss functions (other than the squared loss) and increasing the number of the L1 constraints applied in the regularisation step. Hereafter we will refer to all these models simply as LASSO models. Although being consistent in terms of variable selection in that it retains the important variables, the original LASSO estimator applies fixed amount of shrinkages to all coefficients, which can be a problem when the so called oracle property is desired. In particular the LASSO estimator can be an oracle one only under some special circumstances subject to non-trivial conditions (see Zou, 2006 for details). In simple terms an estimator possessing the oracle property will have the same asymptotic distribution for the coefficient estimates as the 'oracle' estimator, or in other words the estimator implemented knowing which coefficients are zero. This allows an oracle estimator to be used not only for variable selection, but also for inference.
Nevertheless when an adaptive amount of shrinkage for each regression coefficient is implemented this leads to estimators which possess the oracle property (Zou, 2006; . Fortunately the application of the adaptive LASSO can be implemented using the same algorithms as the standard LASSO. To explain this consider the LASSO estimator:
where ( ) β  is the corresponding loss function (in this case the negative log-likelihood for the logistic regression model), p is the number of parameters (to be estimated), while λ is a (fixed) non-negative penalty parameter describing the amount of shrinkage applied to the coefficients. The adaptive LASSO can be defined as: 
which is clearly a LASSO problem with adaptive amount of shrinkage applied to the coefficients, but it is also a standard LASSO estimator that can be calculated using the standard LASSO algorithms.
The first stage could be a LASSO estimate, but could also be an unpenalised logistic regression (in which case 1 init λ = ). In this paper for simplicity we will follow the latter option for obtaining initial values, mainly to reduce the computational costs.
The implementation of the LASSO in efficient algorithms is of particular interest when larger high dimensional datasets are involved. Tibshirani (1996) used the quadratic programming method for least squares regressions and a combination of iteratively reweighted least squares with quadratic programming for logistic regressions. Osborne et al. however, are not easily applicable to large dimensional data sets. The reason for this is that they apply repeated matrix inversions the computing costs for which increase rapidly with the dimension of the dataset. Additionally when there are singularities in the design matrix, something that is quite likely in highly correlated real datasets, the matrices constructed inside the algorithms could be singular, leading to general convergence failure. Since the theoretical properties for regularisation estimators are established with regard to the optimal amount of shrinkage, the quality of the estimated regularisation path estimates are crucial is selecting the right amount of shrinkage. Perkins et al. (2003) proposed a stagewise gradient descent algorithm which they called grafting. The grafting algorithm avoids the matrix inversion, but requires high dimensional nonlinear constraint optimisation inside the iterations, which would be computationally demanding. Grandvalet and Canu (1999) implemented a fixed point algorithm based on the equivalence between the adaptive ridge regression and LASSO. The problem with latter is that it is not guaranteed to achieve global convergence.
Here we instead focus on the coordinate descent methods. Different versions of these methods have been proposed for the LASSO a number of times, but only recently were their power and computational capabilities fully appreciated. Early references include Fu (1998), Shevade and Keerthi (2003) and Daubechies et al. (2004) and more recently Friedman et al. (2007) and Wu and Lange (2008) . The theoretical properties of coordinate descent algorithms are presented in Tseng (2001) . Here we will employ the gradient algorithm of Kim et al. (2008) . It combines a coordinate-wise descent algorithm with a deletion step to solve the LASSO problem. This gradient LASSO approach uses coordinate-wise descent to add variables to the model (thus avoiding matrix inversion). Its novelty compared to the conventional coordinate descent methods is the addition of a deletion step that adaptively removes variables in order to improve convergence. The deletion step avoids the slow convergence properties of the conventional coordinate descent algorithms near the optimum and by reducing the number of steps helps to increase the overall speed.
The results, reported in this paper were obtained using the free statistical language R (R Core Team, 2013). For computational efficiency reasons the gradient adaptive LASSO algorithm used C code due to Kim et al. (2008) , interfaced to and callable from within R.
The source C code for the gradient LASSO (and the R driver for it) have been downloaded from the JCGS webpage. The adaptive LASSO is technically a weighted version of the LASSO estimator and as such can be implemented by supplying appropriate weights. These have been derived by an initial run of a standard logistic regression. The penalty was chosen by 5-fold cross-validation. The stability selection uses author written R code, while the probability value calculations rely on the R package hdlm (Arnold, 2012) with plugged in adaptive gradient LASSO estimation.
Results
We apply the gradient LASSO algorithm to compute the whole regularisation part for the logistic regression model of the choice of Mzansi account on the set of 102 variables, described in the data section.
The stability selection uses author written R code, while the probability value calculations rely on the R package hdlm (Arnold, 2012) with plugged in adaptive gradient LASSO estimation.
The algorithms for regularised estimation (such as the adaptive LASSO used here) do not directly provide an easy way to derive standard errors. Tibshirani (1996) provided an asymptotic standard error formula for the LASSO. Its asymptotic nature can however introduce uncertainty bias. Although not applicable to our case, other approaches have also been suggested. E.g. Fan and Li (2001) demonstrated that the local quadratic approximation (LQA) can provide a sandwich formula for computing the covariance of the penalized estimates of the nonzero components which is consistent (Fan and Peng 2004) .
By far the simplest way to obtain standard errors is to simply run a standard (logistic) regression with only the selected variables. Such an approach relies upon the oracle property of the estimators (which meant that its asymptotic distribution is the same as that of an oracle estimator. This is what is known as the post-LASSO estimator (see Belloni and Chernozhukov, 2013 for the liner models case) and has been applied in high dimensional model selection (see e.g. Kostov, 2010 for a non-regularisation implementation). Such an approach is feasible and easy to implement. However any inference based on it would be conditional of the result of the variable selection method. The oracle property is however an asymptotic property. In other words if one implements the estimator (adaptive LASSO in this case) many times, on average it will select the right variables and their distribution would (asymptotically) converge to that of the oracle. In a single run however any oracle estimator can omit important variables or include unimportant ones.
It is therefore useful if the model uncertainty due to that fact that the estimator is only applied once is also accounted for. While this is rather straightforward for Bayesian approaches, it is somewhat more complicated here. Here we report two different measures of model uncertainty.
First we report uncertainty adjusted probability values. In essence we use the data splitting approach of Wasserman and Roeder (2009) , but instead of the single split, apply the multiple split proposal of Meinshausen et al. (2009) with 10 splits. This allows us to produce a standard regression table. For reporting purposes we include the probability value, (instead of the standard errors or the t-statistics) since it is easier to interpret in terms of variables significance. Furthermore we applied the subsampling based stability selection approach of Meinshausen and Buehlmann (2010) to evaluate the model inclusion probability for each variable, as a complementary uncertainty measure.
The source C code for the gradient LASSO (and the R driver for it) have been downloaded from the Journal of Computational and Graphical Statistics webpage. The adaptive LASSO is technically a weighted version of the LASSO estimator and as such can be implemented by supplying appropriate weights. These have been derived by an initial run of a standard logistic regression. The penalty was chosen by 5-fold cross-validation, with logistic loss estimated alongside the path to choose the optimal amount of shrinkage for the adaptive LASSO estimator. Table 2 presents the selected independent variables (i.e. the variables with non-zero coefficients) and their estimated coefficients, together with their p-values and inclusion probabilities.
Insert Table 2
Out of the 102 candidate variable, only 13 are retained in the estimated model. Below we discuss the obtained results.
First, the basic literacy variable does not affect the choice of Mzansi. Since basic literacy can be expected to be a pre-requisite to any form of access to finance, it could be expected to be able to discriminate between individuals with and without such access. Note however that since the individuals without Mzansi comprise of both people lacking access and people who use better than the basic Mzansi access, such a variable cannot differentiate Mzansi holders from the rest.
Next, four variables from the "understanding of financial terms" category are retained.
These are Bad debt, Ombudsman, Counselling about debt and Garnishee order or emolument order. After taking into account the model uncertainty, these are all highly significant and characterised by high inclusion probability. Bearing in mind that this category has an almost natural hierarchy from simpler to more complex terms, the selected terms lie at the lower end of this hierarchy. Therefore the individuals selecting themselves into the Mzansi system only possess some understanding of basic financial terms, i.e. have a minimal financial education. They need such basic understanding in order to be motivated to seek access to finance. Had however they possessed better financial knowledge, they would have opted for more advanced forms of access, from the basic entry accounts upwards. The above explanation is further confirmed by the estimated coefficients. Note that since our variables are indicators (and therefore are expressed in the same 'units') we can directly compare their coefficients in terms of magnitude because the size of the coefficients in this case is directly proportional to the relative effect of the corresponding variable. To this end the understanding of the term Ombudsman, which indicates a higher level of financial literacy that the other three selected variables shows considerably smaller impact (because its coefficient is much smaller). The two variables: Bad debt and Counselling about the debt, which are clearly related since they both are related to debt, capture most of the magnitude of the effect in this category. This shows that Mzansi account holders are aware about debt and this is a defining characteristic of people opting into the Mzansi intervention.
This demonstrates a desire to undertake some kind of financial planning about the future.
Note however that the coefficients estimated for the variables in this category are rather small, both in principle and relative to the other categories in table 2. This shows that such effects are relatively small in term of relative magnitude. Since these results indicate a distinction 'from below' i.e. compared to individuals that do not possess any access to financial services (which comprises of 26% of the population in South Africa), it is nevertheless an important result, particularly when situated in the broader discourse of access to finance.
No variable from the "targets for financial advice" category is selected. This suggests that the Mzansi account holders are not that different from the rest of the sample in what refers to their preferred choice of financial advice. Alternatively, since the sample contains both individuals with no financial access and such with enhanced (compared to Mzansi) access to finance, the model finds it difficult to explicitly differentiate between differences that could be attributable to these two alternative categories. A major reason for this could be the fact that in contrast to the "understanding of financial terms" category, here it is difficult to find similar natural hierarchy, which means that the differentiation of the choice of Mzansi from below (i.e. against no access) and above (i.e. better access) are pooled together. The latter was not a problem with the previous category due to the natural hierarchy, but in terms of the sources of financial advice, the lack of such confuses matters. Furthermore it is possible that the wording of the options within this category could be confusing for respondents.
The next category is "financial education desired". Three variables from this category feature in our model. First of all seeking no further financial education makes one more likely to choose Mzansi. Mzansi holders have reached a level of financial literacy, but do not strive to move further, they are happy where they are. There are two interesting features of this result. First this is the far the largest, in terms of magnitude, coefficient in the model.
However, after accounting for the uncertainty, this coefficient is actually insignificant, although marginally so. The inclusion probability is however (slightly) over 50%. The above suggests that the effect of this variable is potentially very strong, but only supported on a compact (small) subset of the sample. In other words, here we apply a variable selection approach which aggregates the effects for each variable and as a result suggests that this effect is not very significant. If instead one has opted for a model averaging approach, where the inclusion and exclusion densities for the relevant coefficients are threated separately, the conclusion would have been rather different. One possible explanation for the above results is that not seeking further financial education can also mean that such individuals already possess it, in which case they would not require Mzansi.
Therefore since this statement may have two different interpretations with expected opposing effects on the choice of Mzansi, variable selection approach would not be able to
properly distinguish between them.
The other two selected variables in this category, namely effective usage of technology and working out how much credit can be afforded or paid back, make decision to choose Mzansi less likely. Both these variables are highly significant and have inclusion probabilities of 100%. The effects are to be expected, because looking for further financial education expresses desire and aspirations to move further up the financial access ladder. This is confirmed by the type of these two variables. The first one relates to the effective use of technology (hence moving into other financial access channels such as e.g. mobile banking).
The other variable relates to working out credit repayments. This could show a desire to overcome debt, but also maybe planning for minor investments. This is consistent with the results from the "understanding of financial terms" category, where debt issues and a revealed attitude towards some sort of financial planning are evident. What is also highly informative is which variables (from this category) are not selected. In particular most of these refer to basic financial literacy such as e.g. understanding interest rates. As discussed above such variables cannot effectively discriminate between Mzansi holders and individuals with no financial access. The financial aspirations can distinguish Mzansi from above, but not from below, and most of these omitted variables are essentially measuring such low level aspirations. The finding that it is not simply characteristics, but also aspirations that define the choice of channels for access to finance is however highly significant.
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The next two categories are the financial perceptions. in South Africa where 28% of adults receive money from friends and family as a source of income, could imply no formal access to financial services. The other variable refers to having trust in informal associations. Although significant, it only has a 61% inclusion probability. Having no trust in informal institutions reduces the probability to have a Mzansi account. Trust is an integral element of any kind of access to financial services, be they formal or informal. Therefore one can view informal associations as a type of 'introduction' into the word of financial services and its mechanisms and characteristics.
When one does not have trust in their procedures, such mistrust would naturally extend to the more formal types of access to finance. Note however that the above assertion would not be universally applicable. In more traditional societies, where trust is primarily rooted in tradition, family and friends it will start with informal associations before progression into more formal channels, as we argue here. In more 'modern' societies on the other hand, trust into the formal channels may be accompanied by mistrust into informal associations, which are not part of the established 'system'.
The last included variable in this category, namely 'allow monthly deduction from a cell phone account' reduces the probability of choosing Mzansi. It is somewhat surprising that a variable like that was retained and hence unclear what should be the precise interpretation of the above. Note however that the coefficient of this variable is in terms of magnitude by far the smallest one amongst all selected variables. Furthermore, although marginally this variable is insignificant and characterised by inclusion probability of less than 50% and hence would have to be rejected. This means that we should not attach too much significance to the above result. Bearing in mind the trust interpretation of the other variables in this category, this particular one may approximate some 'upper bound' on trust in that the algorithm may have found this particular variable as most correlated with such a hypothetical bound. Such an interpretation is however highly speculative and as outlined above should be regarded with considerable caution. The main reason we kept it in is the fact that the single run LASSO (incorrectly) selected this variable, and hence one can view this as an illustration of the uncertainly characterising such single run estimators. None of the variables that were omitted in the single run estimator obtained inclusion probability of 50% or higher and hence were excluded from the model.
Conclusions
This paper adds to the general discourse on access to finance in investigating the demand side determinants of participation in financial markets. Although the issue of barriers to access have been the dominant theme in development literature for quite a while, relaxing the supply-side barriers would bring the potential lack of demand for financial services to the forefront with important policy implications. After all coordinated policy intervention designed to expand access to finance is costly and such costs will need to be compared to the potential benefits and voluntary non-participation, when the barriers to access are removed, reduces these benefits. Hence studying the determinants of demand for financial services becomes an important research question. The uptake of new financial services bridging over existing barriers will define who will the expanded access to finance benefit. This paper takes a preliminary step in this research quest considering the case of the Mzansi intervention in South Africa.
We use a large dataset of potential determinants of individual choice of a Mzansi account.
The Mzansi intervention is found to be implicitly targeted at individuals with basic but insufficient financial education. It is a pre-entry account and as such it is generally perceived of not meeting the aspirations of individuals aiming to climb up the financial services ladder. We found that aspirations (i.e. who the individuals want to be) explain financial choices better that status (i.e. who they actually are) variables. The linkages from aspirations and attitudes to actual realised behaviour are however far from straightforward.
Furthermore we find that Mzansi holders on the one hand view the account mainly as a vehicle for receiving payments, but on the other hand are debt-averse and inclined to save.
This suggests that the Mzansi population is rather heterogenous in terms of beliefs and other important from financial point of view characteristics. This heterogeneity suggests that researching and identifying different segments in the overall population could help better identification of their financial needs and such better targeting could increase both the effectiveness of such interventions and also ultimately lead to some form of financial sustainability of policies aimed at increase finance participation.
This is a preliminary exploratory study of a largely understudied issue and as such has a number of limitations. First, the choice of financial services is defined as a function of perception, beliefs and attitudes. This greatly increases the interpretability of the results within the adopted conceptual framework, but since such variables are typically unobservable, it may somewhat reduce the empirical value of the paper in that it may impede the formulation of detailed practical policy recommendation. Note however that it should be straightforward to complement the model with such variables, explaining the variables used in the study and this would not affect our results. Another limitation is that we do not account for dynamic factors. In an area of rapid change such are very important.
The inferred model structure can however be used to further investigate such effects and in particular previous experiences. Similarly to the previous point, such effects are fairly easy to add to our framework as a form second stage investigation that builds upon our results.
Finally a more detailed investigation of the problem in better defining the choice problem (e.g Mzansi or no access or Mzansi or alternative access) could be undertaken to obtain 
